We study the impact of amplitude and phase differences between the parallel power amplifier (PA) branches in a phased array and their impact on the performance of the digital predistortion (DPD). The DPD coefficients are estimated from the array response in the far-field. The DPD coefficients need to be updated for changes in the nonlinear behavior of the PAs due to amplitude and phase variations. We present a training mechanism which makes the DPD robust to branch specific amplitude and phase weights and can tolerate these variations without the need of adapting to individual changes in the nonlinear behavior of the PA branches. The DPD is trained for a set of random amplitude and phase weights following normal distribution and the resultant mean DPD coefficients are used for predistortion. The simulation results show that the mean DPD can achieve the same average linearity performance as the continuously trained reference DPD for 32 elements uniform array.
I. INTRODUCTION
Millimeter-wave (mmW) systems utilize antenna arrays in order to compensate for the high path loss. In addition, due to the lossy mmW signal routing and high cost of gain of mmW solid-state devices, each antenna element should be equipped with a power amplifier (PA) placed close to the antenna. In order to maximize the available output power from each PA with a decent efficiency, the PAs have to be operated in the nonlinear region. The nonlinearity of the PA deteriorates the signal error vector magnitude (EVM) or signal-to-noise ratio (SNR) and causes unwanted out-ofband emissions i.e. interference to the neighboring channels. In addition, third generation partnership project (3GPP) new radio (5GNR) [1] , has standardized orthogonal frequency division multiplexing (OFDM) based waveforms to be used in the fifth generation (5G) mmW systems operating below 50 GHz. The OFDM signal is known to suffer from nonlinearity due to its high crest factor. Hence, linearization is necessary in order to achieve the required effective isotropic radiated power (EIRP) with decent linearity and efficiency.
The most widely used linearization technique in the past communication systems has been digital predistortion (DPD), which enables the PA to operate in the high efficiency region where the nature of the PA is nonlinear. Multiple parallel nonlinear elements and large signal bandwidth challenges the PA linearization by DPD in mmW systems. In general, the DPD requires that the output of each PA has to be fed back from analog to digital domain such that the nonlinear characteristics of the PA can be measured. However, in the phased arrays, each PA cannot have a dedicated feedback receiver equipped with analog-to-digital converter (ADC) due to its high cost and high power consumption.
Hence, one feedback path has to be shared with multiple nonlinear branches for array linearization.
Several DPD approaches for linearization of array transmitters have been studied in the literature. The array DPD, based on one time-shared feedback path is presented in [2] and [3] . Similarly, the array DPD based on combined feedback is presented in [4] . The outputs of all the PAs are summed to form one feedback signal to be utilized in the DPD training. In addition, array DPD based on the output of one PA of the array is presented in [5] . However, the mentioned references do not address the differences in the nonlinearity in the parallel PA branches. The difference in the nonlinearity of the parallel PA branches can be because of the intended beamforming, mismatches and mutual coupling, Wilkinson imbalances etc. In [6] - [8] , the array response is measured at the intended receiver, and utilized for calculating the DPD coefficients. The feedback structure enables the continuous update of the DPD coefficients for any change in the amplitude and phase weights causing a change in the input power per PA. However, this requires a rapid update of the DPD coefficients with in the coherence time of the channel [9] . This would cost high power consumption in the baseband signal processing for broadband signals and high speed ADC cost in the feedback path.
In this paper, we study how the amplitude and phase differences among the parallel PA branches affect to the array response and resulting DPD coefficients. The aim is to design the DPD that can tolerate the variations without the need of updating the DPD coefficients. The large arrays are able to average out some of the variations [7] . Thus the average behavior of a group of multiple parallel nonlinear elements fed with various amplitude and phase weights is expected to be more predictable compared to a single branch behavior. We collect the DPD coefficients, resulting from a set of different amplitude and phase weights following a normal distribution and utilize the mean of the DPD coefficients for predistortion. The mean-DPD coefficients are valid for a time when the input amplitude and phase distribution remains the same. If the distribution of amplitude and phase variation changes, the mean-DPD coefficients must be retrained for a set of amplitude and phase weights from the new distribution. The change in the amplitude and phase variation distribution can occur because of temperature changes or amplifier aging which are expected to be a slow process. Furthermore, the mean-DPD approach reduces the calibration requirements of the individual branches as it makes the DPD robust for branch-specific amplitude and phase variations. 
II. DIGITAL PREDISTORTION OF PHASED ARRAYS
The DPD approach based on combined feedback for phased array transmitter is shown in Fig. 1 [6] . The system has M parallel PA branches with a common digital predistorter. Each PA branch is equipped with amplitude and phase control to perform the analog beamforming.
The output of the m th PA branch without DPD processing is denoted as
where f P Am () denotes the nonlinear function of the PA in m th branch, W m denotes beamforming weight for m th branch including amplitude and phase variations. x(n) ∈ C N denotes the complex input signal samples, N is the number of time domain samples and n is the sampling index. The combined feedback in Fig. 1 merges the outputs of the PAs in the far field by emulating the transmission channel. The emulation can be done by applying the complex conjugates of the beamformer used in the array and by normalizing the differences of the antenna elements by controllable attenuators. The normalized array response in particular elevation and azimuth direction (θ i , φ i ) can be written as
The array response of (2) is used to estimate the array DPD coefficients and utilize it for predistortion. Least squares (LS) estimation is used to calculate the array DPD coefficients for a particular amplitude and phase weights. For simplicity, we use the P -th order memoryless polynomial model to obtain the DPD coefficients. The LS solution minimizes array errors in the intended direction of transmission and is given as
The LS estimate ofd that minimizes the error is given bŷ
The DPD coefficients resulting from (4) are estimated for a particular amplitude and phase weights. Any change in the amplitude and phase among the parallel PA branches, and the coefficients needs to be updated. It is power inefficient to reestimate the array response and update the DPD coefficients within the coherence time of the channel. Therefore, we collect the DPD coefficients for a set of amplitude and phase weights (e.g. L = 100 realizations), with random input data and steering angles. This results in L different set of DPD coefficients. The mean DPD coefficients are calculated and used for predistortion. The mean DPD coefficients are given as
The resulting mean-DPD coefficients do not require further update for a change in the amplitude or phase values among the parallel PA branches. Figs. 2(a) and 2(b) show the distribution of the magnitude and phase of the array DPD coefficients for different standard deviation of amplitude variations in the array. It can be seen that as the distribution of the amplitude variations in the array changes, it affects both the mean and variance of the array DPD coefficients. This is because of the nonlinear behaviour of the PAs. The (+) sign shows the mean DPD coefficients and we use the mean DPD coefficients for predistortion, whereas conventional array DPD continuously update the DPD coefficients and utilize all the DPD coefficients values of the distribution.
III. ARRAY DPD SETUP UNDER RANDOM AMPLITUDE AND PHASE VARIATIONS A. Simulation Setup
The setup simulated in Matlab consist of memoryless lookup table (LUT) PA model, based on extracted simulation data of a 45nm 4-stack complementary metal oxide semiconductor (CMOS) silicon on insulator (SOI) PA [10] . Input waveform is 64-QAM signal with root-raised-cosine pulse shaping filter (roll-off factor of 0.35), bandwidth of 100 MHz and frequency of operation is 28 GHz. Uniform linear array (ULA) having 32, λ/2 spaced patch elements is used. The PAs are driven in average at the same power level (unitary distribution) with output power per PA of 14 dBm. Fig. 3(a) shows the amplitude to amplitude modulation (AMAM) and amplitude to phase modulation (AMPM) behavior of the PA. The variations over the performance curves are introduced by assuming that each antenna branch has random zero-mean Fig. 4 shows the EIRP in the array far-field, with and without amplitude variations in the array. The variation in the EIRP is becuase of the antenna gain variation over different steering angles. From the figure it can be seen that, the array is operated at 5 dB back-off from the saturation power of the array. In addition, it can be seen the EIRP with and without amplitude and phase variations is the same. The saturation power of the array is calculated as where P SAT,PA is the saturation power of the PA, M is the total number of PAs in the array, and G Ant is the main lobe gain of the antenna element used.
IV. SIMULATION RESULTS
The analysis of the simulation results is divided into three parts: (1) phase variations only, (2) amplitude variations only and (3) both phase and amplitude variations combined. In each scenario, the adjacent channel power ratio (ACPR) and the error vector magnitude (EVM) are used as performance metrics. The ACPR max = max{ACPR L , ACPR U }, is presented as the maximum of lower and upper adjacent channel powers. The ACPR max and EVM are measured in the beamforming directions. For comparison we use a reference DPD which continuously update its DPD coefficients for every MC run. Fig. 5 shows the distribution of ACPR max values for both mean-DPD and reference DPD in the presence of input phase variations σ φ = {2 • , 6 • , 10 • }, with random input data and random steering angles. From the results it can be seen that the mean-DPD performs the same as the reference DPD, without the need of updating the coefficients through the feedback path for every change in the amplitude and phase weights. Furthermore from the distribution of ACPR max values, it is clear that the input phase variations have no significant impact on the performance of both DPD methods. This is because, changing the phase of PA input does not change the nonlinear shape of the PA output. The effect of the phase variation is similar for the nonlinear part and the linear part of the output signal when combined in the array far-field. In fact, the phase variations only scales the output which would scale all the DPD coefficients a same amount. However, in the feedback, the array response is normalized by the gain of the array G A which cancels the scaling effect of the phase variations and hence the DPD coefficients does not depend on the phase variations in the array. Similar behaviour is seen for EVM though not presented here. Fig. 6 shows the performance of both DPD methods in the presence of amplitude variations in the array. Both the DPD methods get benefit from amplitude variations and its performance improves, as the amplitude variations in the array increases. This is because, in the presence of amplitude variations, some of the PAs of the array are driven harder into compression, while others are operated in relatively linear region. Over-the-air nonlinearities of the hard driven PAs are compensated for by the low driven PAs thus improving linearity performance [7] . Figs. 6(a) and 6(b) show the distribution of ACPR max for both mean-DPD and reference DPD in the presence of input amplitude variations with standard deviation of σ A = {1, 3, 5} dB. It can be seen that, for variations σ A = 1 and 3 dB the mean-DPD performs the same as reference DPD by using mean-DPD coefficients and having the feedback path off. However, for σ A = 5 dB, the performance of the mean-DPD is worsen and the ACPR max increases up to 1.6 dB compared to the reference DPD. This is because, with such high amplitude variations in the array, the nonlinear behaviour of the PAs of the array vary greatly and the reference DPD update the coefficients for every MC run, whereas the mean-DPD does not update coefficients accordingly in the run time. The case of having amplitude variations of standard deviation up to σ A = 5 dB in the array is far stretched scenario and practically rare. Fig. 6(c) shows the comparison of mean-DPD and reference DPD in terms of mean ACPR max for different amount of amplitude variations in the array. The mean-DPD is trained for 100 realization of amplitude values from the distribution σ A = {1, 3, 5} dB and its performance is compared only at these variations as encircled by black lines. In addition, the mean-DPD performs well in the presence of amplitude variation distribution in the array for which it is trained. Similar behaviour is seen for EVM though not presented here. For σ A = 5 dB and σ φ = 10 • , the mean-DPD performance is worsen by 1.6 dB in terms of ACPR max , but still provides considerable amount of linearity without continuous update of coefficients. Similar results have been observed for EVM distribution as well, though not presented here.
A. Phase Variations Only

B. Amplitude Variations Only
C. Phase and Amplitude Variations Combined
These simulation results indicate that in the presence of array input variations with standard deviation up to σ A = 3dB and σ φ = 6 • respectively, the mean-DPD provides comparable performance to the reference DPD. The mean-DPD trained for certain distribution of amplitude and phase weights, offers robust linearization approach where DPD coefficients do not necessarily need an update through the feedback path. However, for input variations with standard deviation greater than σ A = 3 dB and σ φ = 6 • , the performance of mean-DPD starts to worsen in terms of ACPR max and EVM. The performance loss of mean-DPD due to high variations can be avoided by shifting to continuous training for such high variation scenarios, which are rare to happen in practice.
V. CONCLUSIONS
Conventional DPD training relies on continuous array response in the feedback path. It is power inefficient to measure the array response and update the DPD coefficients within the coherence time of the channel. The proposed training mechanism of the DPD relaxes the DPD coefficients update period by making the DPD independent on instantaneous amplitude and phase weights among the parallel PA branches. The mean-DPD coefficients does not require continuous update and thus simplifies the DPD process of phased arrays. Simulation results indicate that the proposed mean-DPD can achieve same average linearity compared to the continuously trained DPD. In principle, this means that the mean-DPD approach can be utilized in beamforming systems due to its robust nature to branch specific amplitude and phase weights.
